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Research on Charge Prediction Based on GAT and TextCNN
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Abstract : As one of the important tasks to achieve smart justice, crime prediction aims to predict the crime
according to the factual description of criminal acts.In order to predict the crime more efficiently and
accurately, this paper proposes a crime prediction model named gat cross textcnn. Firstly, the case is
constructed into the data of graph structure, and then the structure representation of the whole graph
is obtained by using graph attention network gat learning; Then the text convolution neural network
textcnn is used to learn the text semantic representation of the whole case. Finally, the learned
structural and semantic representations are fused using the cross attention mechanism, and finally
the feature vector of the whole case is obtained. Finally, we use the softmax text classifier to predict
the charges, and get the charges of the case. The experimental results on cail2018 dataset show that
the accuracy, recall and F1 value of textcnn gat crossattention model are 0.9416, 0.939 and 0.9398
respectively, which are superior to the baseline model, and verify the performance of the proposed
method in the crime prediction task.
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